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Eﬀective connectivity refers to the inﬂuence one neural system exerts on another and corresponds to the parameter of a model that
tries to explain the observed dependencies. In this sense, eﬀective connectivity corresponds to the intuitive notion of coupling
or directed causal inﬂuence. Traditional measures to quantify the eﬀective connectivity include model-based methods, such
as dynamic causal modeling (DCM), Granger causality (GC), and information-theoretic methods. Directed information (DI)
has been a recently proposed information-theoretic measure that captures the causality between two time series. Compared to
traditional causality detection methods based on linear models, directed information is a model-free measure and can detect both
linear and nonlinear causality relationships. However, the eﬀectiveness of using DI for capturing the causality in diﬀerent models
and neurophysiological data has not been thoroughly illustrated to date. In addition, the advantage of DI compared to model-
based measures, especially those used to implement Granger causality, has not been fully investigated. In this paper, we address
these issues by evaluating the performance of directed information on both simulated data sets and electroencephalogram (EEG)
data to illustrate its eﬀectiveness for quantifying the eﬀective connectivity in the brain.
1.Introduction
Neuroimaging technologies such as the electroencephalo-
gram (EEG) make it possible to record brain activity with
high temporal resolution and accuracy. However, current
neuroimaging modalities display only local neural activity
rather than large-scale interactions between diﬀerent parts
of the brain. Assessment of the large-scale interdependence
between these recordings can provide a better understanding
of the functioning of neural systems [1, 2]. Three kinds
of brain connectivity are deﬁned to describe such inter-
actions between recordings: anatomical connectivity, func-
tional connectivity, and eﬀective connectivity [2]. Anatom-
ical connectivity is the set of physical or structural con-
nections linking neuronal units at a given time and can be
obtained from measurements of the diﬀusion tensor [3, 4].
Functional connectivity captures the statistical dependence
between scattered and often spatially remote neuronal units
by measuring their correlations in either time or frequency
domain. Eﬀective connectivity describes how one neural
system aﬀects another [2, 4, 5], which can provide infor-
mation about both the magnitude and the direction of the
interaction.
The main approaches used to quantify the eﬀective con-
nectivity between two time series are model-based measures
and information-theoretic measures [6]. Granger-causality-
based methods and dynamic causal modeling [7] are two
widely used model-based measures. Granger causality is a
widely used measure to describe the causality between two
time series. It deﬁnes a stochastic process X causing another
process Y if the prediction of Y at the current time point,
Yn, is improved when taking into account the past samples
of X. This approach is appealing but gives rise to many
questions on how to apply this deﬁnition to real data [8].
Granger causality has been mostly applied within a linear
prediction framework using a multivariate autoregressive
(MVAR) model yielding methods such as directed transfer
function (DTF), partial directed coherence (PDC), and
directed partial correlation [9–12]. For example, Hesse et al.
applied time-varying Granger causality to EEG data and2 Computational and Mathematical Methods in Medicine
found that conﬂict situation generates directional interac-
tions from posterior to anterior cortical sites [10]. Kami´ nski
et al. applied DTF to EEG recordings of human brain during
stage 2 sleep and located the main source of causal inﬂuence
[11]. Schelter et al. employed PDC to EEG recordings from a
patient suﬀering from essential tremor [13]. The extensions
of Granger-causality-based methods, such as kernel Granger
causality, generalized PDC (gPDC), and extended PDC
(ePDC), have also found numerous applications in neuro-
science [14–16]. However, Granger causality-based methods,
especially those developed from MVAR models, are limited
to capturing linear relations or require ap r i o r iknowledge
about the underlying signal models [17]. These approaches
may be misleading when applied to signals that are known
to have nonlinear dependencies, such as EEG data [18].
DCM,ontheotherhand,canquantifynonlinearinteractions
by assuming a bilinear state space model. However, DCM
requires ap r i o r iknowledge about the input to the system
[7, 19] and is limited to a network with small size [4]. Thus,
a model-free measure detecting both linear and nonlinear
relationships is desired.
Information theoretic tools [20–22], such as transfer
entropy [20], address the issue of model dependency and
have found numerous applications in neuroscience [17,
23, 24]. “Transfer entropy” (TE) proposed by Schreiber
computescausalityasthedeviationoftheobserveddatafrom
the generalized Markov condition and is deﬁned as [20]
TE(X −→ Y)
=

yn+1,yn−l+1:n,xn−m+1:n
p

yn+1yn−l+1:nxn−m+1:n

×log
p

yn+1 | yn−l+1:nxn−m+1:n

p

yn+1 | yn−l+1:n
 ,
(1)
where m and l are the orders (memory) of the Markov
processes X and Y,r e s p e c t i v e l y .p(yn+1yn−l+1:nxn−m+1:n)i s
the joint probability of random variables (Yn+1,Yn−l+1:n,
Xn−m+1:n), where Yn−l+1:n = (Yn−l+1,...,Yn)a n dXn−m+1:n =
(Xn−m+1,...,Xn). Sabesan et al. employed TE to identify the
direction of information ﬂow for the intracranial EEG data
and suggested that transfer entropy plays an important role
in epilepsy research [25]. Wibral et al. applied TE to magne-
toencephalographic data to quantify the information ﬂow in
cortical and cerebellar networks [26]. Vicente et al. extended
thedeﬁnitionofTEandmeasuredtheinformationﬂowfrom
X to Y with a general time delay of u, that is, replaced yn+1
in the above equation with yn+u, and showed that TE has
a better performance in detecting the eﬀective connectivity
for nonlinear interactions and signals aﬀected by volume
conduction such as real EEG/MEG recordings compared to
linear methods [19]. The performance of transfer entropy
depends on the estimation of transition probabilities, which
requires the selection of order or memory of the Markov
processes X and Y [25]. “Directed transinformation” (T)
introduced by Saito and Harashima [21] measures the
information ﬂow from the current sample of one signal to
the future samples of another signal given the past samples
of both signals. Hinrichs et al. used this measure to analyze
causal interactions in event-related EEG-MEG experiments
[17]. However, this measure does not discriminate between
totally dependent and independent processes [27]. Recently,
directed information proposed by Marko [28] and later
reformalized by Massey, Kramer, Tatikonda, and others have
attracted attention for quantifying directional dependencies
[22, 28–31]. Directed information theory has been mostly
aimed towards the study of communication channels with
feedback. In recent years, new theoretical developments
motivated the use of this measure in quantifying causality
between two time series. In particular, Amblard and Michel
[31] recently showed how directed information and Granger
causality are equivalent for linear Gaussian processes and
proved key relationships between existing causality measures
and the directed information. Therefore, there has been a
growing interest in applying this measure to applications
in signal processing, neuroscience, and bioinformatics. For
example, it has been successfully used to infer genomic net-
works [32]a n dt oq u a n t i f ye ﬀective connectivity between
neural spike data in neuroscience [31, 33, 34]. In order to
detect both linear and nonlinear relationships, in this paper,
we propose directed information as a powerful measure to
quantify the eﬀective connectivity in the brain.
The theoretical advantages of DI over existing measures
h a v eb e e nn o t e di nl i t e r a t u r e[ 31, 33, 34]. However, until
now the beneﬁts of using DI for capturing the eﬀective con-
nectivity in the brain through neurophysiological data have
not been illustrated thoroughly and formally. In addition,
because of the relationship between Granger causality and
directed information, in this paper, we mainly focus on the
comparison between these two measures and investigate the
advantage of DI over Granger-causality-based model mea-
sures. Theoretical developments only proved the equivalence
between these two measures for the case that the time series
are distributed as Gaussian in a linear model. However, to
date, there has not been much work that compares the
actual performance of DI and Granger-causality-based mea-
sures for realistic signal models, including both linear and
nonlinear interactions. Moreover, most applications of DI
to real data have been limited to using either parametric
density models for the data or making assumptions about
thetimedependenciessuchasassumingaﬁrst-orderMarkov
chain and have not considered the diﬃculties associated with
estimating DI from a ﬁnite sample size [35]. For complex
systems, the computational complexity and the bias of the
DI estimator increase with the length of the signal. The main
contribution of this paper is to address these issues by eval-
uating the performance of DI and Granger-causality-based
methods under a common framework without making any
assumptions about the data distribution. In this paper, we
ﬁrst give a brief introduction to directed information and its
computation based on nonparametric estimation methods.
We propose a modiﬁed time-lagged directed information
measure that simpliﬁes the DI computation by reducing the
order of the joint entropy terms while still quantifying the
causal dependencies. We then evaluate the performance of
DI for quantifying the eﬀective connectivity for linear and
nonlinear autoregressive models, linear mixing models,
single source models, and dynamic chaotic oscillators inComputational and Mathematical Methods in Medicine 3
comparison to existing causality measures, in particular with
Granger causality. Finally, we apply our method to EEG data
to detect the eﬀective connectivity in the brain.
2.MaterialsandMethods
2.1. Deﬁnitions and Notations. In this section, we will ﬁrst
review some common notations and information-theoretic
deﬁnitions that will be used throughout this paper. Let
X = Xn = X1:n = (X1,...,Xn) be a random process with
length n and p(x1,...,xn) = p(xn) = p(x1:n) be the joint
probability of random variables (X1,...,Xn). DXn = Xn−1 =
(0,X1,...,Xn−1) will be used to deﬁne the time-delayed
version of sequence Xn, which is also equivalent to X1:n−1.
Given two continuous random variables X and Y, the
mutual information (MI) is deﬁned as follows (All integrals
in the paper are from −∞ to +∞ unless otherwise speciﬁed.):
I(X;Y) =

p

x, y

log
p

x, y

px(x)py

y
dxdy,( 2 )
where p(x, y) is the joint probability density function (pdf)
of X and Y,a n dpx(x), py(y) are the marginal pdfs of X
and Y,r e s p e c t i v e l y .I(X;Y) ≥ 0 with equality if and only
if X and Y are independent [36]. In information theory,
mutual information can be interpreted as the amount of
uncertaintyaboutX thatcanbereducedbyobservationofY,
orthe amount of information Y canprovideabout X,thatis,
I(X;Y) = H(X) − H(X | Y). Since I(X;Y) ≥ 0,H(X | Y) ≤
H(X) with equality if and only if X and Y are independent;
that is, conditioning reduces entropy [36].
ForanythreerandomvariablesX, Y,andZ,ifthecondi-
tional distribution of Z depends only on Y and is condition-
ally independent of X, that is, p(z | y) = p(z | yx), then X,
Y,a n dZ are said to form a Markov chain, denoted by X →
Y → Z. In this case, the conditional mutual information
between X and Y given Z deﬁned as I(X;Z | Y) = H(Z |
Y) −H(Z | X,Y)i se q u a lt o0[ 36].
2.2. Directed Information. Mutual information can be ex-
tended to random vectors or sequences XN and YN as I(XN;
YN), where I(XN;YN) = H(XN) − H(XN | YN) = H(YN)−
H(YN | XN). However, mutual information is a symmetric
measure and does not reveal any directionality or causality
between two random sequences. Massey addressed this issue
by deﬁning the directed information from a length N
sequence XN = (X1,...,XN)t oYN = (Y1,...,YN)[ 22]a s
follows:
DI

XN −→ YN

= H

YN

−H

YN
  
  XN

=
N 
n=1
I

Xn;Yn | Yn−1
,
(3)
whereH(YN||XN)istheentropyofthesequenceYN causally
conditioned on the sequence XN,a n dH(YN||XN)i sd e ﬁ n e d
as
H

YN
  
  XN

=
N 
n=1
H

Yn | Yn−1Xn
,( 4 )
which diﬀers from H(YN | XN) =
	N
n=1H(Yn | Yn−1XN)i n
that Xn replaces XN in each term on the right-hand side of
(4), that is, only the causal inﬂuence of the time series X up
to the current time sample n on the process Y is considered.
An alternative deﬁnition of the directed information is
proposed by Tatikonda in terms of Kullback-Leibler (KL)
divergence [30]. It shows that the diﬀerence between mutual
information and directed information is the introduction of
feedback in the deﬁnition of directed information [22, 30,
31]. Mutual information and directed information expressed
by KL divergence are written as
I

XN;YN

= DKL

p

xN, yN
  
  p

xN

p

yN

,
DI

XN −→ YN

= DKL

p

xN, yN
  
  ← − p

xN | yN

p

yN

,
(5)
where ← − p(xN | yN) =

N
n=1p(xn | xn−1yn−1) is the feedback
factor inﬂuenced by the feedback in the system, that is, the
probability that the input X at current time is inﬂuenced by
the past values of both itself and Y. If there is no feedback,
then p(xn | xn−1yn−1) = p(xn | xn−1)a n d← − p(xN | yN) =
p(xN). In fact, p(xN, yN) = ← − p(xN | yN) p(yN | xN), where
 p(yN | xN) =

N
n=1p(yn | xnyn−1) and is deﬁned as the
feedforward factor aﬀected by the memory of the system. If
the system is memoryless, then p(yn | xnyn−1) = p(yn | xn).
2.3. Directed Information versus Granger Causality. Granger
quantiﬁes causality so that the time series XN causes YN if
the variance of the prediction error for Y at the present time
is reduced by including past measurements from X.B a s e d
on Granger’s deﬁnition of causality, Geweke introduced the
Geweke’s indices to quantify the causal linear dependencies
under Gaussian assumptions [37]. Amblard and Michel
proved that the directed information rate and Geweke’s
indices are equal for Gaussian processes [31] as indicated by
DI∞

DXN −→ YN

=
1
2
log
ε2
∞

YN | YN−1
ε2
∞(YN | YN−1XN−1)
=FXN →YN,
(6)
where DXN stands for the time-delayed sequence (0,X1,
...,XN−1)w i t hN being the length of the signal, DI∞(XN →
YN) is the directed information rate; that is, DI∞(XN →
YN) = limN →∞I(XN;YN | YN−1),ε2
∞(YN | YN−1) =
limN →∞ε2(YN | YN−1) is the asymptotic variance of the
prediction residue when predicting YN from the observa-
tion of YN−1,a n dFXN →YN refers to the linear feedback
measure from random processes XN to YN deﬁned by
Geweke [37]. This equality shows that asymptotically the DI
rate is equivalent to the gain in information by predicting
Y using the past values of both Y and X compared to
only using the past samples of Y, which is similar to the
deﬁnition of Granger causality. Moreover, Amblard and
Michel proved the equality of directed information and
Granger’s approach for multivariate time series in the case
of Gaussian distributions [31].4 Computational and Mathematical Methods in Medicine
2.4. Computation of Directed Information. The deﬁnition of
DI for two length N sequences XN = (X1,...,XN)a n dYN =
(Y1,...,YN)canalsoberewrittenintermsofthetotalchange
ofjointentropyormutualinformationalongtimeasfollows:
DI

XN −→ YN

=
N 
n=1
I

Xn;Yn | Yn−1
=
N 
n=1

H

XnYn−1
−H(XnYn)

+H

YN

=
N 
n=1

I(Xn;Yn) −I

Xn;Yn−1
.
(7)
From the above equations, we can observe that the com-
putation of DI requires the estimation of joint probabilities
of high-dimensional random variables over time. If Xn and
Yn are normally distributed, the joint entropy can be esti-
mated based on the covariance matrices. However, for EEG
data, the distribution is usually not Gaussian. The nonpara-
metric entropy and mutual information estimators, such as
plug-inestimator,m-spacingestimator,andKozachenkoand
Leonenko (KL) estimator, have been extensively addressed
in literature [38, 39]. In this paper, directed information
estimation based on mutual information is used to estimate
DI directly from EEG data by using adaptive partitioning
method discussed in [39]. However, when the length of the
signal increases, the computational complexity, the bias, and
the variance of these estimators increase immensely with
limited sample sizes. Methods that can reduce the dimension
and simplify the computation of DI are needed.
In order to simplify the estimation of DI, we ﬁrst clarify
theconnectionbetweenthedeﬁnitionofDIusedininforma-
tion theory and the deﬁnition as it applies to physical time
series. In a physical recording system, if X starts to inﬂuence
Y after p1 time points or with a delay of p1 samples, we need
to record at least N +p1 time points to obtain N points of the
time sequence Y that have been aﬀected by X. The directed
information rate from time series XN+p1 to YN+p1 can be
deﬁned as [29]. We have
DI∞

XN+p1 −→ YN+p1

= lim
N+p1 →∞
1
N + p1
N+p1 
n=1
I

Xn;Yn | Yn−1 (8)
= lim
N+p1 →∞
I

XN+p1;YN+p1 | YN+p1−1

(9)
= lim
N+p1 →∞


H

YN+p1 | YN+p1−1

−H

YN+p1 | XN+p1YN+p1−1
 (10)
= lim
N+p1 →∞


H

YN+p1 | Yp1+1:N+p1−1

−H

YN+p1 | XN+p1Yp1+1:N+p1−1
 (11)
= lim
N+p1 →∞


H

YN+p1 | Yp1+1:N+p1−1

−H

YN+p1 | X1:NYp1+1:N+p1−1
 (12)
= lim
N+p1 →∞
I

X1:N;YN+p1 | Yp1+1:N+p1−1

(13)
= lim
N →∞
1
N
N 
n=1
I

Xn;Yn+p1 | Yp1+1:n+p1−1

(14)
= DI∞

X1:N −→ Yp1+1:p1+N

, (15)
where (11) comes from the fact that Y1:p1 is independent of
YN+p1,and(12)isderivedusingthefactthatXN+1:N+p1 hasno
eﬀect on YN+p1 because of the time delay p1 between these
two time series. For two physical recordings X and Y with
length N + p1 and a lag of p1, the last equation shows that DI
rate for these two time series is equivalent to DI rate for two
randomprocesseswithlengthN thatarenotsynchronizedin
time. In fact, Yp1+1:p1+N may be indexed as Y1:N when using
the information theoretic indexing, which indexes the signal
not according to the physical time point but based on when
the receiver receives its ﬁrst piece of information. Therefore,
directed information rate computed by using physical time
indices is equivalent to the directed information rate using
information theoretic indices for two systems that interact
throughatimedelay.Moreover,whenthelengthofthesignal
is long enough, the directed information value using both
indices will be equivalent.
Once the deﬁnition of directed information is extended
from random vectors to two physical time series, we propose
a modiﬁed time-lagged DI to simplify the computation of
DI, which is an extension of time-lagged DI proposed for
every two samples of XN and YN in [40] to general signal
models.Aswementionedbefore,asthelengthN ofthesignal
increases, the computational complexity, the bias, and the
variance of estimating DI increase immensely with limited
sample sizes. In addition, the directed information deﬁned
for the physical system is actually a DI with a lag of p1
samples over a time window with length N. Therefore, an
intuitive way to simplify the computation is to apply DI with
lag p1 over a small window. We ﬁrst give the deﬁnition of
time-lagged DI for two time series XN and YN with length N
at the nth time sample for a block of two time samples with
at i m ed e l a yo fp1 (n>p 1):
DIn

Xn−p1Xn−p1+1 −→ YnYn+1

= I

Xn−p1;Yn

+I

Xn−p1Xn−p1+1;Yn+1 | Yn

= H

Xn−p1

+H

Xn−p1Xn−p1+1Yn

+H(YnYn+1)
−H

Xn−p1Yn

−H

Xn−p1Xn−p1+1YnYn+1

,
(16)
where n = p1 +1 ,...,N − 1, p1 is the time lag between the
two time series, and N is the length of the whole time series.Computational and Mathematical Methods in Medicine 5
Therefore,thetotaldirectedinformationoverthewholetime
seriesintermsofthetime-laggedDIcanbesimpliﬁedas[40]
(the details of the derivation are given in [40]),
DI

XN −→ YN

=
p1 
n=1
I

Xn;Yn | Yn−1
+
N − p1
2

N − p1 −1

×
N−1 
n=p1+1
DIn

Xn−p1Xn−p1+1 −→ YnYn+1

.
(17)
The time-lagged DI is equivalent to the original deﬁni-
tion of DI when p1 is equal to the actual time delay of the
system, the signals X and Y follow a single-order model, and
Yn only depends on one past sample of itself, Yn−1.H o w e v e r ,
theseassumptionsarenotalwaystrue.Therefore,wepropose
the modiﬁed time-lagged DI to address these issues.
Consider a general Markov model, where XN and YN are
time series with a lag of p1 and p(Yn | X1:n−p1,Yp1+1:n−1) =
p(Yn | Xn−p2:n−p1,Yn−p3:n−1), where p2 ≥ p1, p3 ≥ 1, p2 is the
order of the process X,a n dp3 is the order of the process Y.
Inthismodel,itisassumedthatX startstoinﬂuenceYwitha
delay of p1 samples, and the order of the model is p2−p1+1.
When the length of the signal N is large enough, then (15)
can be further simpliﬁed as
DI

XN −→ YN

= DI

X1:N−p1 −→ Yp1+1:N

=
N 
n=p1+1
I

X1:n−p1,Yn | Yp1+1:n−1

=
N 
n=p1+1


H

Yn | Yp1+1:n−1

−H

Yn | X1:n−p1Yp1+1:n−1

.
(18)
Since p(Yn | X1:n−p1,Yp1+1:n−1) = p(Yn | Xn−p2:n−p1,
Yn−p3:n−1), X1:n−p2−1Yp1+1:n−p3−1 → Xn−p2:n−p1,Yn−p3:n−1 →
Yn follows a Markov chain. According to Markov chain
property,
I

X1:n−p2−1Y1:n−p3−1;Yn | Xn−p2:n−p1Yn−p3:n−1

= H

Yn | Xn−p2:n−p1Yn−p3:n−1

− H

Yn | X1:n−p1Yp1+1:n−1

= 0,
(19)
which means H(Yn|Xn−p2:n−p1Yn−p3:n−1)=H(Yn|X1:n−p1Yp1+1:n−1). There-
fore,
DI

XN −→ YN

=
N 
n=p1+1


H

Yn | Yp1+1:n−1

−H

Yn | X1:n−p1Yp1+1:n−1

=
N 
n=p1+1


H

Yn | Yp1+1:n−1

−H

Yn | Xn−p2:n−p1Yn−p3:n−1

≤
N 
n=p1+1


H

Yn | Yn−p3:n−1

−H

Yn | Xn−p2:n−p1Yn−p3:n−1

=
N 
n=p1+1
I

Xn−p2:n−p1;Yn | Yn−p3:n−1

,
(20)
where the second equality is using the Markov property,
and the inequality comes from the fact that conditioning
reduces entropy. For a general Markov model, where XN and
YN are stationary statistical processes without instantaneous
interaction, such as p(Yn | X1:n−p1,Yp1+1:n−1) = p(Yn |
Xn−p2:n−p1,Yn−p3:n−1), the modiﬁed time-lagged directed
information (MDI) is deﬁned as the upper bound of DI:
MDI

XN −→ YN

=
N 
n=p+1
I

Xn−p ···Xn−1;Yn | Yn−p ···Yn−1

,
(21)
where we let p1 = 1, p = max(p2, p3) to reduce the number
of parameters. Note that letting p1 = 1 does not lose any
of the information ﬂow compared to using the actual time
delay, p1 > 1. The only drawback of letting p1 = 1 is that the
computational complexity of estimating the joint entropies
increases since the length of the window to compute MDI
increases and the dimensionality increases. The main reason
why we let p1 = 1 is because estimating the actual value for
the delay accurately is not practical when the amount of data
is limited. In a lot of similar work such as in [19], diﬀerent
values of p1 are tested to choose the best one which is not
computationally eﬃcient either.
According to (20), modiﬁed time-lagged directed infor-
mation is the upper bound of directed information, that is,
MDI ≥ D I .M o r e o v e r ,M D Ii sam o r eg e n e r a le x t e n s i o no f
time-lagged DI introduced in our previous work and has
two major advantages. First, MDI considers the inﬂuence
of multiple past samples of Y on the DI value. Second,
it takes into account models with multiple orders; that is,
Y is inﬂuenced by diﬀerent time lags of X. The modiﬁed
time-lagged directed information extends the length of
the window from 2 to p, which is closer to the actual
information ﬂow. When X and Y are normally distributed,
the computational complexity of the MDI is O(p3N)a n d
the computational complexity of the original deﬁnition of6 Computational and Mathematical Methods in Medicine
DI is O(N4) (using LU decomposition [41]). Therefore,
the computation of MDI is more eﬃcient than that of the
original deﬁnition of DI.
2.5. Order Selection. For the implementation of MDI, we
need to determine the maximum order of the model p.C r i -
terions such as Akaike’s ﬁnal prediction error (FPE) can be
used to determine the order of the signal model p.H o w e v e r ,
this criterion is based on the assumption that the original
signal follows a linear AR model and may lead to false
estimation of the order when the underlying signal model
is nonlinear. Therefore, model-free order selection methods,
such as the embedding theorem [42], are needed. For the
simpliﬁcation of computation or parameter estimation, we
are only interested in a limited number of variables that can
be used to describe the whole system. Suppose we have a
time series (X1,...,Xn), and the time-delay vectors can be
reconstructed as (Xn,Xn−τ,Xn−2τ,...,Xn−(d−1)τ). Projecting
the original system to this lower-dimensional state space-
depends on the choice of d and τ, and the optimal embed-
ding dimension d is related to the order of the model p = d
[19]. A variety of measures such as mutual information can
be used to determine τ. For discrete time signals, usually
the best choice of τ is 1 [43]. To determine d, Cao criterion
based on the false nearest neighbor procedure [19] is used
to determine the local dimension. The underlying concept
of nearest neighbor is that if d is the embedding dimension
of a system, then any two points that stay close in the d-
dimensional reconstructed space are still close in the (d+1)-
dimensionalreconstructedspace;otherwise,thesetwopoints
are false nearest neighbors [19, 43] .T h ec h o i c eo fd, that is,
the model order p, is important for DI estimation. If d is too
small, we will lose some of the information ﬂow from X to Y.
Ifitistoolarge,thecomputationalcomplexityofMDIwillbe
very high, causing the bias and the variance of the estimators
to increase.
2.6. Normalization and Signiﬁcance Test. Since DI(XN →
YN) + DI(YN → XN) = I(XN;YN) + DI(XN → YN||DXN)
and DI(XN → YN) = DI(DXN → YN) + DI(XN →
YN||DXN)[ 29], then
DI

XN −→ YN

+DI

YN −→ XN

= DI

DXN −→ YN

+DI

XN −→ YN
  
  DXN

+DI

DYN −→ XN

+DI

YN −→ XN
  
  DYN

.
(22)
Therefore,
DI

DXN −→ YN

+DI

DYN −→ XN

+DI

YN −→ XN
  
  DYN

= I

XN;YN

,
(23)
where DI(YN → XN||DYN) = DI(XN → YN||DXN)
indicating the instantaneous information exchange between
processes X and Y. For a physical system without instan-
taneous causality, that is, I(XN → YN||DXN) = 0, then
DI(XN → YN) + DI(YN → XN) = I(XN;YN)a n d0≤
DI(XN → YN) ≤ I(XN;YN) < ∞. A normalized version of
DI, which maps DI to the [0,1] range, is used for comparing
diﬀerent interactions,
ρDI

XN −→ YN

=
DI

XN −→ YN
I(XN;YN)
=
DI

XN −→ YN
DI(XN −→ YN)+DI(YN −→ XN)
,
(24)
where for a unidirectional system X → Y with no
instantaneous interaction between X and Y, ρDI(XN →
YN) = 1a n dρDI(YN → XN) = 0; otherwise, if there is
no causal relationship between the two signals, the values of
ρDI(XN → YN)a n dρDI(YN → XN)a r ev e r yc l o s et oe a c h
other.
In order to test the null hypothesis of noncausality, the
causal structure between X and Y is destroyed. For each
process with multiple trials, we shuﬄe the order of the trials
of the time series X 100 times to generate new observations
X∗
m, m = 1,...,100. In this way, the causality between X
and Y for each trial is destroyed, and the estimated joint
probability changes [44]. We compute the DI for each pair
of data (X∗
m and Y). A threshold is obtained at a α = 0.05
signiﬁcance level such that 95% of the directed information
for randomized pairs of data (DI(X∗
m → Y)) is less than
this threshold. If the DI value of the original pairs of data is
largerthanthisthreshold,thenitindicatesthereissigniﬁcant
information ﬂow from X to Y.
2.7. Simulated Data. To test the validity and to evaluate the
performance of DI for quantifying the eﬀective connectivity,
we generate ﬁve diﬀerent simulations. We use these simula-
tion models to compare DI with classical Granger causality
(GC) for quantifying causality of both linear and nonlinear
autoregressive models, linear mixing models, single source
models, and Lorenz systems. The Matlab toolbox developed
by Seth is used to compute the GC value in the time domain.
GC is also normalized to the [0,1] range for comparison
purposes [45]. The performance of GC depends on the
length of the signal, whereas the performance of DI relies
on the number of realizations of time series. Therefore,
for each simulation, the length of the generated signal for
implementing GC is equal to the number of realizations for
DI. The signiﬁcance of DI values are evaluated by shuﬄing
along the trials, while the signiﬁcance of GC values are
evaluated by shuﬄing along the time series.
Example 1 (Multiple Order Bivariate Linear Autoregressive
Model). In this example, we evaluate the performance of DI
on a general bivariate linear model,
X(n) =
p4 
i=1
αiX(n −i)+σxηx(n −1), (25)
Y(n) =
p3 
i=1
βiY(n −i)+γ
p2 
i=p1
X(n − i)+σyηy(n −1). (26)Computational and Mathematical Methods in Medicine 7
In this bivariate AR model with a delay p1 and order p2−
p1 +1 ,γ controls the coupling strength between the signals
X and Y. The initial values of X and Y and the noise ηx and
ηy are all generated from a Gaussian distribution with mean
0 and standard deviation 1. All coeﬃcients (αi, βi, σx,a n dσy)
are generated from Gaussian distributions with zero mean
and unit variance with unstable systems being discarded.
To evaluate the performance of directed information, we
generate the bivariate model 4096 times with the same
parameters but diﬀerent initial values. γ is varied from 0.1 to
1 with a step size of 0.1, p1 = 1a n dp2 = p3 = p4 = 5; that is,
YisinﬂuencedbyX throughmultipletimelags.Withoutloss
of generality, we repeat the simulation 10 times, and average
DI(XN → YN) and DI(YN → XN) over 10 simulations
for diﬀerent γ values. For each simulation, the threshold
is evaluated by trial shuﬄing, and the average threshold is
obtained.ForGC,thelengthofthegeneratedsignalischosen
as 4096, which is the same as the number of realizations for
DI. The GC values in two directions and the corresponding
thresholds at the 5% signiﬁcance level are obtained.
Example 2 (Multiple-Order Bivariate Nonlinear Autoregres-
sive Model). In this example, we evaluate the performance
of DI on a general bivariate nonlinear model
X(n) =
p4 
i=1
αiX(n −i)+σxηx(n −1), (27)
Y(n) =
p3 
i=1
βiY(n −i)
+γ
p2 
i=p1
1
1+e xp(b1 +b2X(n − i))
+σyηy(n −1).
(28)
For this bivariate nonlinear AR model, the setting for
the coupling strength γ and the generation of X, Y, ηx,
ηy, αi, βi, σx, σy, p1, p2, p3,a n dp4 are the same as in
Example 1.YandXinteractnonlinearlythroughthesigmoid
function. Parameters of this function b1 and b2 control the
threshold level and slope of the sigmoidal curve, respectively.
We set b1 = 0a n db2 = 50. DI value and its threshold are
averaged over 10 simulations for diﬀerent γ.T h eG Cv a l u e s
in two directions and the corresponding thresholds at 5%
signiﬁcance level are obtained.
Example 3 (Linear Mixing Model). In this example, we test
the eﬀectiveness of DI in inferring eﬀective connectivity
when there is linear mixing between these two signals.
Linear instantaneous mixing is known to exist in human
noninvasive electrophysiological measurements such as EEG
or MEG. Instantaneous mixing from coupled signals onto
sensor signals by the measurement process degrades signal
asymmetry [19]. Therefore, it is hard to detect the causality
between the two signals. For unidirectional coupled signal
pairs X → Y described in (25)t o( 28), we create two linear
mixtures X and Y as follows:
X(n) = (1 − )X(n)+ Y(n),
Y(n) = X(n)+(1 − )Y(n),
(29)
where  controls the amount of linear mixing and is varied
from 0.05 to 0.45 with a step size of 0.05, and γ is ﬁxed to 0.8
for both models. When  = 0.5, the two signals are identical.
Both DI and GC are used to quantify the information ﬂow
between X and Y in the two directions.
Example 4 (Single-Source Model). A single source is usually
observed on diﬀerent signals (channels) with individual
channel noises [19] ,w h i c hi sc o m m o ni nE E Gs i g n a l sd u et o
the eﬀects of volume conduction. In this case, false positive
detection of eﬀective connectivity occurs for methods such
as Granger causality [46], which means that GC has low
speciﬁcity. We generate two signals X and Y as follows
to test the speciﬁcity of DI when there is no signiﬁcant
informationﬂowfromonesignaltotheothersignal.Wehave
S(n) =
p4 
i=1
αiS(n −i)+ηS(n),
X(n) = S(n),
Y(n) = (1 − )S(n)+ ηY(n),
(30)
where S(n) is the common source generated by an autore-
gressivemodel,order p4 = 5,αi andηS(n)aregeneratedfrom
a Gaussian distribution with mean 0 and standard deviation
1. S(n)i sm e a s u r e do nb o t hs e n s o r sX and Y. Y is further
corruptedbyindependentGaussiannoiseηY(n)with0mean
and unit variance.  controls the signal to noise ratio (SNR)
in Y and is varied from 0.1 to 0.9 with a step size of 0.1,
corresponding to SNR in the range of −19 ∼ 19dB.
Example5(NonlinearDynamicSystem). Inthisexample,we
illustrate the applicability of DI to coupled Lorenz oscillators
with a certain delay. The Lorenz oscillator is a three-
dimensional dynamic system that exhibits chaotic behavior.
Synchronization of two Lorenz systems has been widely
investigatedfortheanalysisofEEGdatabecausethedynamic
interactions related to the behavior of the cortex can be
exempliﬁed by these coupled systems [47]. In the following,
we examined two asymmetric coupled Lorenz oscillators
(X1,Y1,Z1)a n d( X2,Y2,Z2) as follows [48]:
˙ X1(t) =− A(X1(t) −Y1(t)),
˙ Y1(t) = RX1(t) −Y1(t) −X1(t)Z1(t),
˙ Z1(t) = X1(t)Y1(t) − BZ1(t),
˙ X2(t) =− A(X2(t) −Y2(t)) +βX1

t − tp

,
˙ Y2(t) = RX2(t) −Y2(t) −X2(t)Z2(t),
˙ Z2(t) = X2(t)Y2(t) − BZ2(t),
(31)8 Computational and Mathematical Methods in Medicine
where each equation is a ﬁrst-order diﬀerential equation.
A = 10, R = 28, B = 8/3, and tp = 0.02 represents the
time delay between two coupled components of these two
oscillators, that is, X1 and X2. β corresponds to the coupling
strength and is varied from 0.1 to 1 with a step size of 0.2.
The diﬀerential equations are numerically integrated with a
time step of 0.01 using Euler’s method [49], corresponding
to a delay of 2 time samples between X1 and X2. The initial
conditions of these six components are randomly generated
from a Gaussian distribution with zero mean and unit
variance. We generate 100 samples, and the ﬁrst 90 samples
are discarded to eliminate the initial transients. We compute
the information ﬂow in two directions over 10 time points,
and the signiﬁcance of the obtained DI value is veriﬁed by
trial shuﬄing.
2.8. Biological Data. In this paper, we examine EEG data
from ten undergraduates at Michigan State University drawn
from an ongoing study of relationships between the error-
related negativity (ERN) and individual diﬀerences (Partic-
ipants for the present analysis were drawn from samples
reported on in [50, 51]) such as worry and anxiety. ERN
is a brain potential response that occurs following per-
formance errors in a speeded reaction time task [52]. All
participants retained for analysis make at least six errors
for computation of stable ERNs, as in [53]. Participants
complete a letter version of the Eriksen Flanker task [52].
S t i m u l ia r ep r e s e n t e do naP e n t i u mRD u a lC o r ec o m p u t e r ,
using Presentation software (Neurobehavioral systems, Inc.)
to control the presentation and timing of stimuli, the
determinationofresponseaccuracy,andthemeasurementof
reaction times. Continuous electroencephalographic activity
is recorded by 64 Ag-AgCl electrodes placed in accordance
with the 10/20 system. Electrodes are ﬁtted in a BioSemi
(BioSemi, Amsterdam, The Netherlands) stretch-lycra cap.
All bioelectric signals are digitized at 512Hz using ActiView
software (BioSemi). For each subject, EEG data are pre-
processed by the spherical spline current source density
(CSD) waveforms to sharpen event-related potential (ERP)
scalp topographies and eliminate volume conduction [54].
In addition, a bandpass ﬁlter is used to obtain signals in
the theta band. In this study we focus on 33 electrodes
corresponding to the frontal, central, and parietal regions of
the brain. For each pair of 33 electrodes X and Y for each
subject, the eﬀective connectivity is quantiﬁed by computing
the modiﬁed time-lagged DI over 70 trials and a model order
of p in the theta band. The model order or the length of the
time window p is determined by the Cao Criterion. We also
apply Granger causality to the same data and compare its
performance with directed information.
Previous work indicates that there is increased synchro-
nization associated with ERN for the theta frequency band
(4–8Hz) and ERN time window 25–75ms after the response
for error responses (ERN) in the anterior cingulate cortex
(ACC), in particular between the lateral prefrontal cortex
(lPFC) and medial prefrontal cortex (mPFC) [55]. In this
paper, we wish to verify these existing ﬁndings using the
proposed DI measure and to further infer the directional
causality underlying these dependencies.
3. Results and Discussion
In this section, we ﬁrst evaluate the eﬀectiveness of directed
information on quantifying both linear and nonlinear causal
relationships through simulated data and compare the per-
formance of directed information with GC. We then apply
the directed information to real EEG data to reveal the pair-
wise information ﬂow in the brain.
3.1. Simulated Data
Example 1 (Multiple-Order Bivariate Linear Autoregressive
Model). In this example, theDI valuein twodirections aver-
agedacross10simulationswithdiﬀerentγ isshowninFigure
1(a). The performance of GC is shown in Figure 1(b).T h e
estimated order of the model is p = 5, which is in accordance
with the simulation model. γ controls the coupling strength
between X and Y. We observe that DI(XN → YN)i s
signiﬁcant for all values of γ. On the contrary, DI(YN →
XN)islessthanthethreshold,whichindicatestheacceptance
of the null hypothesis that there is no signiﬁcant causal
information ﬂow from Y to X. Since GC uses a linear
autoregressive framework for quantifying causality; in this
example, GC detects the causality relationship between X
and Y successfully; that is, the information ﬂow from X to Y
is signiﬁcant for all γ while it is insigniﬁcant for the opposite
direction. It is also interesting to note that GC and DI exhibit
similar behavior across diﬀerent values of γ, indicating the
equivalency of the two measures for linear Gaussian signal
models.
Example 2 (Multiple-Order Bivariate Nonlinear Autoregres-
sive Model). In this example, the performance of DI and
GC for the nonlinear autoregressive model in (27)a n d( 28)
averaged across 10 simulations with diﬀerent γ are evaluated
as shown in Figure 2. The estimated order of the model is 5.
We observe that when γ is less than 0.3, the coupling strength
between X and Y is weak and the DI value in both directions
is not signiﬁcant. As γ increases, DI(XN → YN) increases
and becomes signiﬁcant. DI(YN → XN)d e c r e a s e sw i t h
increasing γ and is still less than the threshold as expected.
The results indicate increased unidirectional information
ﬂow from X to Y with increasing γ and show that detecting
the information ﬂow in nonlinear processes is more diﬃcult
especially when the coupling strength is low. GC fails to
detect the information ﬂow from X to Y for all γ. Since GC is
implemented in a linear framework, the estimated order and
the model itself do not match with the nonlinearity of the
signal. Therefore, it cannot detect nonlinear causality.
Example 3 (Linear Mixing Model). For this example, the
DI value and GC value averaged across 10 simulations with
changing linear mixing coeﬃcient  for both linear and
nonlinear AR models are shown in Figure 3. The estimated
order of the model is 5 as before. When  = 0.5, the two
observed mixing signals are identical, and we expect to see
no signiﬁcant information ﬂow in the two directions. We
observe that, for the linear AR model, directed information
detects the causality between X and Y when  is smallerComputational and Mathematical Methods in Medicine 9
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Figure 1: Application of directed information and Granger causality to bivariate linear autoregressive model. (a) Directed information with
diﬀerent γ. (b) Granger causality with diﬀerent γ.
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Figure 2: Application of directed information and Granger causality to bivariate nonlinear autoregressive model. (a) Directed information
with diﬀerent γ. (b) Granger causality with diﬀerent γ.
than 0.4. When  is larger than 0.4, the causality between X
and Y is hard to detect because of the strong mixing; that
is, X and Y are almost identical, and the information ﬂow
in both directions becomes insigniﬁcant. Compared to DI,
GC only detects the causality from X to Y when the mixing
is weak ( < 0.2), indicating that GC is more vulnerable
to linear mixing. It is probably due to the fact that GC is
sensitive to the mixture of signals, and the assumed signal
model does not match with the original signal [46]. For
the nonlinear AR model, DI fails to detect causality when
 is larger than 0.1, which indicates that linear mixing of
nonlinear source models makes it harder to detect eﬀective10 Computational and Mathematical Methods in Medicine
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Figure 3: Application of directed information and Granger causality to linear mixing for both linear and nonlinear autoregressive models.
(a) Directed information with diﬀerent  for the linear mixing of linear AR model. (b) Granger causality with diﬀerent  for the linear
mixing of linear AR model. (c) Directed information with diﬀerent  for the linear mixing of nonlinear AR model. (d) Granger causality
with diﬀerent  for the linear mixing of nonlinear AR model.
connectivitycomparedtomixingoflinearsourcemodels.On
the other hand, GC fails to detect any causality even when
 = 0 since it cannot detect nonlinear interactions.
Example 4 (Single-Source Model). We use the single source
modeltotestthespeciﬁcityofDI.TheDIvalueandGCvalue
averaged across 100 simulations for changing  for a single
source model are shown in Figure 4.T h ee s t i m a t e do r d e r
of the model is 5 as before. In addition, the false positive
rate using both DI and Granger causality with increasing  is
also calculated. We observe that the information ﬂow in two
directions using DI is less than the threshold for all values
of , which indicates the acceptance of the null hypothesis
that there is no signiﬁcant causal information ﬂow from X
to Y or Y to X. Note that DI is normalized by the mutual
information.Foracommonsourcemodel,theinstantaneous
information exchange between X and Y contributes mostly
tothemutualinformationbetweenXandY.Thus,according
to (23), DI(DXN → YN) and DI(DYN → X) normalized byComputational and Mathematical Methods in Medicine 11
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Figure 4: Application of directed information and Granger causality to single source model. (a) Directed information with diﬀerent  for
the single source model. (b) Granger causality with diﬀerent  for the single source model. (c) False positive rate for directed information
with diﬀerent  for the single source model. (d) False positive rate for Granger causality with diﬀerent  for the single source model.
mutual information are close to 0 and less than the threshold
from the randomized data pairs. The false positive rate of DI
is 0 for all . Therefore, DI is able to discriminate between
instantaneousmixingfromactualcausalityandisveryrobust
to noise. For GC, when  is small (<0.2) or large (>0.9), the
value of GC is less than or very close to the threshold in both
directions thus indicating that there is no causal information
ﬂow between the two processes. However, GC fails to accept
the null hypothesis when  is between 0.3 to 0.9 and detects a
nonexisting eﬀective connectivity. GC reaches its maximum
value when  = 0.5. This is due to the fact that GC is close to
0 when two processes X and Y are independent or identical,
that is, when  = 1a n d = 0. Based on the deﬁnition of
GC, the prediction of Y at the current time point will not
be improved by taking into account the past samples of X for
theseprocesses[26].Therefore,as  increasesfrom0to0.5,X
becomes the most diﬀerent from Y; therefore, it can provide
more new information about Y and the GC increases. As 
increases from 0.5 to 1, X becomes independent of Y,a n d
the GC decreases. The false positive rate of GC is not equal
to 0 for all values of , which indicates that it has lower
speciﬁcity compared to DI. Therefore, GC is not robust to12 Computational and Mathematical Methods in Medicine
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Figure 5:ApplicationofdirectedinformationandGrangercausalitytotwoasymmetriccoupledLorenzoscillators.(a)Directedinformation
with diﬀerent β. (b) Granger causality with diﬀerent β.
the eﬀect of a common source and may infer false positive
eﬀective connectivity. This simulation indicates that DI is
more sensitive and discriminative about the information
ﬂow patterns in the presence of volume conduction, which
means it is a more promising method to capture the eﬀective
connectivity for real EEG data.
Example 5 (Nonlinear Dynamic System). In this example,
theDIvaluesandGCvaluesbetweenX1 andX2 oftwoasym-
metric coupled Lorenz systems are computed with coupling
strength β being set from 0.1 to 1. The estimated order of the
model is 3. Though this is larger than the actual model order,
our method will not lose any information except for the
increased computational complexity. The results are shown
in Figure 5. The results show that DI values from X1 to X2
increase with the coupling strength β and are signiﬁcant for
all values of β. In addition, there is no signiﬁcant causal
informationﬂowfromX2 to X1. Therefore, DI can eﬀectively
detect the causality in a nonlinear dynamic system. On the
contrary, GC cannot detect any signiﬁcant information ﬂow
for all β values. It is due to the fact that the model selected
for implementing GC is not consistent with the dynamic
characteristics of the system.
3.2. EEG Data. Previous work indicates that there is in-
creased information ﬂow associated with ERN for the theta
frequency band (4–8Hz) and ERN time window 25–75ms
for error responses compared to correct responses in par-
ticular between mPFC and lPFC regions [55]. In addition,
Cavanagh et al. have shown that there is increased synchro-
nization for error trials between electrode pairs, such as FCz-
F5 and FCz-F6, compared to the synchrony between FCz-
CP3 and FCz-CP4 [56]. The DI and GC values for each pair
of electrodes averaged over 10 subjects are computed over
a time window of 53 time points (100ms). The estimated
order of the model for each electrode pairs is 3. In order to
control the error rates for multiple hypothesis testing for all
pairsofelectrodes,themethodproposedbyGenoveseetal.is
usedinthispaper[57].Toimplementthisprocedure,fortwo
electrodes with time series X and Y,w eﬁ r s ts h u ﬄe the order
of the trials of X 100 times to generate new observations X∗
m,
m = 1,...,100. The P value of DI(X → Y) is obtained
by comparing it with DI values from randomized pairs of
data DI(X∗
m → Y), m = 1,...,100. We then obtain the
threshold Pr for all P values (33×33×10) by controlling
the FDR bound q as 0.05. For DI(X → Y), if the P value
is less than Pr, then the directed information ﬂow from X
to Y is signiﬁcant; otherwise, it is not signiﬁcant. Electrode
pairs between which the information ﬂow is signiﬁcant in at
least one of the ten subjects are shown in Figure 6(b).W e
also test the signiﬁcance of Granger causality in the same
way. When the FDR is controlled at 0.05, the information
ﬂow between electrode pairs is signiﬁcant if the P-value
of DI or GC is less than 0.01. Electrode pairs that have
signiﬁcant causality relationship using both measures are
shown in Figure 6. In Figures 6(a) and 6(c),e a c hs m a l l
circle shows the directed information and Granger causality
from a particular electrode to other electrodes. In Figures
6(b) and 6(d), each small circle shows electrode pairs that
have signiﬁcant causality relationship. The results indicate
that DI detects strong information ﬂow from the frontal
region (e.g., F5 and F6) to the frontal-central region (e.g.,
FC2 and FCz) corresponding to the lateral prefrontal cortex
(lPFC) and medial prefrontal cortex (mPFC). In addition,
the central-parietal region (e.g., CPz, CP1, and CP2) around
the midline, corresponding to the motor cortex, has strongComputational and Mathematical Methods in Medicine 13
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Figure 6: Application of directed information and Granger causality to EEG data. (a) Pairwise directed information. (b) Electrode pairs
with signiﬁcant DI values. (c) Pairwise Granger causality. (d) Electrode pairs with signiﬁcant GC values. For (b) and (d), green dots indicate
the location of the particular node, and white regions correspond to signiﬁcant information ﬂow from that particular electrode to other
electrodes.
inﬂuence on the central and frontal regions (e.g., FCz and
F6) since this is a speeded response task involving the motor
cortex. The details of the signiﬁcant electrode interactions
are shown in Table 1. These results are aligned with the
previous work in [56], which shows that error processing
is controlled by the communication between the lateral
prefrontal cortex and medial prefrontal cortex. When GC
is applied to the same data, the information ﬂow pattern
around the midline is similar to the DI. However, the
informationﬂowfromthelateralprefrontalcortextotherest
of the brain is signiﬁcant. On one hand, the similar patterns
of connectivity using both measures verify the validity of
proposedDIcomputationalgorithm.Ontheotherhand,GC
shows signiﬁcance over a wide region of the brain especially
in the lateral areas compared to DI, which may be due
to GC’s low speciﬁcity to volume conduction in the form
of a common source. Previous work and our simulation
in Example 4 have indicated that Granger-causality-based
measures may infer erroneous eﬀective connectivity in the
case of the common source as seen in EEG data [19, 46].
However, without ground truth, we cannot conﬁrm that
some links reported as signiﬁcant by GC are spurious and
due to volume conduction in a conclusive manner, but the
results from DI agree more with the suggestions in [56],
that most of the increase in connectivity during cognitive
control, that is, ERN, should be between medial prefrontal
cortex and lateral prefrontal cortex, compared to the results
of GC. Therefore, DI is more sensitive and discriminative
about the information ﬂow patterns compared to GC for real
neurophysiological data.14 Computational and Mathematical Methods in Medicine
Table 1: Electrode pairs in the region of interest with signiﬁcant DI
values.
From To From To From To
F5 F1 FC2 CPz
CP4 P3 C5 F6 FC5 Cz
CP4 P3 P4
F 3 F C 3C P 4 C 3 F C 2C 6P 1 P 1 F 2C 6C P 2
F1 C1 Cz Pz C1 FC1 C6 Pz F5 F4 FCz
FZ F5 CZ F5 C2 CP4 P2 FC4 C5
F2 FC3 FC6 C5
CP1 C2 FC6 P4
F3 F4 FC3
FC2 FC4
Pz P2
F4 F6 C4 C4 P2
F6 F2 FC3 FCz
Cz C6 Pz
F C 5 F zC 3C 2C P 6 C P 5 C zC 4C P 3
FC3 CP1 CP3 C5 CPz P4
FC1 F4 FC3 C2
CP1 CP4 CP1 F6 FCz P3
FCZ C3 CP1 CPz F C 6C 6C P 5
CP4 P1
FC2 F3 C1 C6
CP2 CP4 P3 CP2 F6 FCz FC4
CP1
FC4 C5 CP4 FC5 FCz C4
F C 6 C 5C 4C P 1 C P 6 F 5
4. Conclusions
In this paper, we illustrated the advantages of a new directed
informationmeasureoverGranger-causality-basedmeasures
for quantifying the eﬀective connectivity in the brain. In
order to illustrate the advantages of this measure, ﬁrst,
we applied directed information measure to identify the
causality relationships for both linear and nonlinear AR
models, linear mixing models, single source models, and
Lorenz systems and compare its performance with Granger
causality. Directed information is shown to be more eﬀective
in detecting the causality of diﬀerent systems compared to
Granger causality. We then applied the directed infor-
mation measure on EEG data from a study containing
the error-related negativity to infer the information ﬂow
patterns between diﬀerent regions. The results showed that
the directed information measure can capture the eﬀective
connectivity in the brain between the mPFC and lPFC areas
as predicted by previous work.
Directed information, as a model-free measure, is able
to detect both linear and nonlinear causality relationships
between two signals. However, other model-free entropy-
based measures would also detect eﬀective connectivity such
as transfer entropy and directed transinformation. Directed
transinformation introduced by Saito measures the infor-
mation ﬂow from the current sample of one signal to the
future samples of another signal given the past samples of
both signals but does not discriminate between totally
dependent and independent processes. Transfer entropy
and directed information are very closely related to each
other. Transfer entropy quantiﬁes the information gained at
each time step by measuring the deviation of the observed
data from the generalized Markov condition. Therefore, the
deﬁnition of transfer entropy implicitly assumes a stationary
Markov process [31]. Compared totransferentropy, directed
informationquantiﬁesthesumofinformationobtainedover
the whole time series [58] and does not make any assump-
tions about the underlying signal model. Thus, theoretically,
the original deﬁnition of directed information can apply to
any signal models. In real applications, in order to simplify
the computation of directed information, we usually make
certain assumptions about the underlying signal model such
asthemodiﬁedtime-laggedDIproposedinthispaper,which
basically assumes a stationary Markov process similar to
transfer entropy. In addition, Amblard and Michel proved
that, for a stationary process, directed information rate can
be decomposed into two parts, one of which is equivalent
to the transfer entropy when l = m = n in (1) and the
othertotheinstantaneousinformationexchangerate[31].In
another words, for a physical system without instantaneous
interactions between its subsystems, the rate of these two
measures, directed information and transfer entropy, is
equivalent asymptotically as the length of the signal goes to
inﬁnity.
There are still remaining issues with the implementation
of directed information. First, the performance of directed
information relies on accurate estimation from limited sam-
ple sizes that introduces bias to the estimated values. This
problem can be addressed by either using parametric
density models or improving existing mutual information
and entropy estimators. Recently, Zhao et al. proposed an
universal algorithm to estimate directed information for
stationary ergodic processes by using sequential probability
assignment, which may be used to improve the eﬀective
connectivity results discussed in this paper [59]. Second, the
performance of directed information relies on the selection
of the model order. If the order of the model is too
small, it will lose the information from X to Y.I fi ti s
too large, the computational complexity is very high. In
addition to classical embedding dimension determination
methods such as the Cao criterion used in this paper,
Faes et al. proposed a sequential procedure to determine
the embedding dimension of multivariate series [60]. This
method is based on an information-theoretic technique and
shows promising performances for various signal models,
which may be extended to DI computation in the future.
Third, directed information does not discriminate between
direct and indirect interactions among multivariate time
series.However,thisis notashortcomingofDIsinceDIdoes
not assume any particular signal interaction model: bivariate
or multivariate. Similar to other information theoretic mea-
sures, such as mutual information, whether the particular
measurecanidentifyinteractionsbetweenmultipleprocesses
depends on how the measure is applied. For example, in the
case of mutual information, though the original deﬁnition is
for two random processes X and Y,i ti sp o s s i b l et oe x t e n di t
to multiple processes [61]. Similarly, we can apply DI over
multiple processes using conditional directed information
such as the deﬁnition given by Kramer. We address this
issue in a previous paper [34] by using conditional directedComputational and Mathematical Methods in Medicine 15
information and develop an algorithm to infer the actual
network. Similarly, GC originally is deﬁned for two time
series that a stochastic process X causing another process
Y if the prediction of Y at the current time point, Yn,i s
improved when taking into account the past samples of X.
However, in application it has been extended to multiple
processes through the use of multivariate AR models. Future
work will focus on the comparison of these two measures in
a multivariate setting.
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